Sequenced bacterial genomes provide a wealth of information but little understanding of transcriptional regulatory circuits largely because accurate prediction of promoters is difficult. We examined two important issues for accurate promoter prediction: (1) the ability to predict promoter strength and (2) the sequence properties that distinguish between active and weak/inactive promoters. We addressed promoter prediction using natural core promoters recognized by the well-studied alternative sigma factor, Escherichia coli σ E , as a representative of group 4 σs, the largest σ group. To evaluate the contribution of sequence to promoter strength and function, we used modular position weight matrix models comprised of each promoter motif and a penalty score for suboptimal motif location. We find that a combination of select modules is moderately predictive of promoter strength and that imposing minimal motif scores distinguished active from weak/inactive promoters. The combined −35/−10 score is the most important predictor of activity. Our models also identified key sequence features associated with active promoters. A conserved "AAC" motif in the −35 region is likely to be a general predictor of function for promoters recognized by group 4 σs. These results provide valuable insights into sequences that govern promoter strength, distinguish active and inactive promoters for the first time, and are applicable to both in vivo and in vitro measures of promoter strength.
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-10 motif | -35 motif | motif | transcription initiation P romoters are constructed of multiple poorly conserved motifs separated by variable length spacers making them difficult to predict accurately (1) (2) (3) . Here, we examine the ability of models to predict promoter strength (rate of transcription) and to distinguish between functional and weak/nonfunctional promoters as a means of understanding the principles governing construction of promoters. We use promoters recognized by Escherichia coli σ E , a group 4 extracytoplasmic function (ECF) σ as a testbed. Group 4 σs consists of two structurally conserved domains (2 and 4), have control functions ranging from cell envelope morphogenesis to antibiotic resistance, and are the most abundant σs in the bacterial kingdom (4), making it important to be able to predict their promoters in novel organisms. Their promoters require both the −10 and −35 motifs, have few redundant motifs, and contain high information content relative to promoters of housekeeping σs (4-6), making it feasible to determine the contribution of each motif to promoter activity.
Position weight matrix (PWM) models are commonly used in predicting transcription factor binding sites and promoters because they are simple and have a predictive success comparable to that of more complex models (7, 8) . Typically, these models identify many real promoters but also make many false predictions, reflecting their poor ability to discriminate between functional promoters and nonfunctional sequences. We previously used PWMs to successfully predict σ E promoters across multiple genomes (5) . However, a significant fraction of these predictions were weak or inactive under physiological conditions (9) and the most active σ E promoters were missed (10) (11) (12) , indicating significant problems with the model. PWM scores correlate with protein-DNA binding energies, and their assumptions of independence and additivity of the binding energy of each nucleotide position (13-15) have been validated for transcription factor binding sites (16) (17) (18) (19) . It is unclear how well PWM scores correlate with promoter strength, which is a function not just of DNA binding, but also of DNA melting and promoter escape. An examination of low-complexity promoter libraries based on a few parent σ 70 (20) (21) (22) or σ 28 promoters (23) has yielded conflicting results.
The utility of PWMs to predict promoter strength of high complexity natural promoters has not been examined. Here, we measured the strength of the 60 known σ E core promoters (sequences from −35 to þ20 relative to the transcription start site) (9) and find that a PWM score comprised of the entire promoter, similar to our previous model (5), is not predictive. However, the use of separate PWMs for each promoter motif enabled us to evaluate their contribution to strength, and the combined score of a subset of motifs gives modest correlation with strength. Importantly, imposing minimal scores for each motif allowed successful discrimination between active and weak/nonactive promoters. Comparison of active and weak/nonactive promoters provides critical insight into the design of active promoters and a rationale for improving the accuracy of PWM-based promoter predictions.
Results
Promoter Strength of Natural Promoters. Promoter strength was determined in vitro and in vivo. In vitro measurements used singleround transcription assays, which provide a measure of promoter occupancy and reduce the effects of promoter clearance or pausing. Each assay contained a test and control promoter (to permit ready comparison between reactions), each linear promoter fragment comprised of unique promoter sequences from −35 to þ20, a common vector sequence upstream, and the efficient rpoC terminator (24) downstream (Fig. S1 ). The strength of the same promoter sequences were determined in vivo in strains overexpressing σ E during exponential growth in M9 minimal media using fusions to GFP (9) . Using a cutoff of 2-fold above background, 37 of the 60 natural promoters were active in vitro and a largely overlapping set of 40 were active in vivo (Fig. 1) . Most promoters exhibited similar relative activities in the two assays, but there are also differences. The rpoE promoter is much more active than expected in vivo, whilst several promoters including rpoH, ygiM, and yfeY are much less active in vivo ( Fig. 1 and Fig. S2 ). The two "active promoter" sets (37 in vitro and 40 in vivo) were used to construct separate promoter PWM models.
Correlating Promoter Scores with in Vitro Measures of Promoter
Strength. PWMs were constructed for each active promoter motif ( Fig. 2 ) with a penalty term applied for nonoptimal spacer and discriminator lengths (S þ D penalty; see Fig. S3 ). These models were then used to score all active promoters to derive the corre- lation (R) of each motif score with promoter strength. The −10, discriminator, and start motif PWMs and the S þ D penalty score exhibited moderate correlation with promoter strength; the −35 motif was neutral; and the spacer and initial transcribed region (ITR) were slightly negatively correlated (Table 1A ). The total promoter score that was calculated by summing all seven modules (six PWMs plus S þ D penalty) gave little correlation with promoter strength (R ¼ 0.26; Table 2 ). Eliminating the negatively correlated spacer and ITR PWMs improved the correlation to R ¼ 0.57 (Table 2 ; Fig. 3A ). This five-module model gave a better correlation than any other combination of modules.
A small minority of promoters may have unusual sequence properties that detract from the model and would likely present as outliers in the correlation of score with promoter strength. Five outliers were identified and removed based on their high residuals and leverage properties on the general fit of the model (see Materials and Methods); this optimized model gave an improved fit of R ¼ 0.73 (Table 2 ; Fig. 3B) . The model was then tested by 10-fold cross-validation to demonstrate that it does not overfit the data (i.e., describe random noise in the data; thereby reducing its predictive utility). Promoters were divided into 10 groups, and a model constructed from 9 groups (training set) was used to score promoters in the 10th group (validation set). The training sets were rebuilt using different combinations of groups, enabling each promoter to be validated by an independent model. This gave a correlation of promoter validation scores with promoter strength of R ¼ 0.73, demonstrating good predictive utility (Fig. 3C) . Importantly, neither partial least squares regression (PLSR) (which enables differential weighting of modules to promoter score), nor dinucleotide frequency improved the model (Tables S1, S2 ).
Correlating Promoter Scores with in Vivo Measures of Promoter
Strength. Using the same approach for modeling the 40 active promoters in vivo, the −35, −10, and discriminator PWMs weakly correlate with strength, with only the spacer negatively correlating (Table 1A) . Importantly, the same set of five modules (S þ D, −35, −10, discriminator, start) provided the best optimized in vivo model, performing similarly to the in vitro model although a slightly different set of outliers was excluded (R ¼ 0.77; Table 2 ; Fig. 3E ). Testing the model with 10-fold cross-validation demonstrated that it does not overfit the data (R ¼ 0.71; Table 2 ; Fig. 3F ). PLSR did not improve the model (Tables S1, S2 ). We conclude that largely similar PWM models moderately describe promoter strength both in vivo and in vitro.
The optimized in vitro and in vivo models removed a total of nine outliers (with two common to both models; Table 2 ; Fig. 1 ). Five outliers (yicJ, yfeK, yhjJ, c4860, and ybjW) have little activity suggesting that they are borderline "functional" promoters, and the remaining four outliers (rpoE, yfeY, yfgC, and yfiO) have discrepant strengths in vitro and in vivo (Fig. 1) . These promoters may be subject to additional regulation in vivo, or have kinetic steps that strongly influence their strength under different conditions.
Active and Inactive Promoters Can Be Distinguished by Requiring Minimal Scores for Motifs. Models that successfully identify promoters also make many false predictions. Our library of active and weak/ inactive σ E promoters and PWM models provides an ideal opportunity to identify sequence determinants that distinguish active from weak/inactive promoters. The complexity of this task is illustrated by the fact that scoring the inactive promoters with the optimized five-module promoter models results in higher than expected scores that overlap with the active promoters (Fig. 3D,  E) , suggesting that additional sequence features beyond total promoter score are required to distinguish the two groups.
The active and inactive promoters have similar sequence logos but exhibit key differences that enable their distinction (Fig. 4) . The average PWM motif scores of the −35, ITR, and combined −35/−10 motifs are significantly higher in the active promoters compared to the inactive promoters (Table 1B) . Additionally, active and inactive promoters have significant differences in binding energy scores at specific positions within the −35 and the ITR for both the in vitro and in vivo datasets and within the −10 for the in vivo dataset (Fig. 4) . Together, these observations suggest a minimum motif score requirement for promoter function. Indeed, 18 of the 23 promoters inactive in vitro and 15 of the 20 promoters inactive in vivo had at least one motif below threshold (defined as the lowest score for the corresponding motif in the active promoter set) (Fig. 5 ). These observations suggest that individual motif scores are more important than total promoter score as Fig. S2 ). PWMs were constructed using the motifs illustrated.
predictors of promoter function. Notably, the combined −10/−35 motif scores are below threshold in over 50% of inactive promoters, and the −35, discriminator, and ITR are below threshold in many other inactive promoters (Table 1C) . Active and inactive promoters also exhibited significant differential crosscorrelations of certain motif scores (Fig. 6 ). The −35 motif/spacer penalty (S þ D penalty) (in vitro and in vivo) and spacer/start (in vitro only) are anticorrelated in active promoters and correlated in inactive promoters, indicating that the combination of good −35 motifs with optimal spacer lengths, and good spacer and start sequences, is not favored in active promoters.
Discussion
We present a unique comprehensive analysis of the core promoter requirements of natural promoters. Our analysis focused on promoters recognized by σ E , a member of the largest and simplest σ subfamily: the group 4 (ECF) σs. We developed a modular PWM model that was moderately predictive of promoter strength and showed that imposition of minimal motif scores dramatically improved the ability of the model to distinguish active from weak/inactive promoters. These results have significant implications for understanding the structure of promoters. Our results also point to the significant challenges remaining before we are able to predict full-length promoters and promoters recognized by more complex σs with more flexible promoter recognition requirements.
Two features of our approach enabled significant progress over previous modeling attempts. Our use of modular PWMs enabled independent evaluation of the contribution of every feature of the promoter to its strength. As a consequence, we were able to identify the promoter components that best predicted the strength of active promoters. Importantly, the same model predicted strength measured either in vivo or in vitro, demonstrating that the model captured general features contributing to promoter strength, rather than specialized features that reflect the method of measurement. Second, we used a comprehensive set of promoters that spanned the entire range of promoter activity, including many with marginal activity. This enabled us to develop a set of criteria that could distinguish active from inactive promoters both in vivo and in vitro. Importantly, these criteria were largely distinct from those that determined the strength of active promoters (Table 1A , C). Imposition of minimal scores for each motif distinguished inactive from active promoters. The single most important predictor of promoter inactivity is a combined −10/−35 motif score that is below threshold. This cutoff identified twice as many inactive promoters in vitro and 5 times as many inactive promoters in vivo as the individual −10 and −35 scores. Additionally, the ITR was an important predictor of functionality, even though this feature detracts from the promoter strength model (Table 1A) . The five positions in the ITR with significantly different binding energy scores between active and inactive promoters cluster on the same face of the DNA helix (Fig. 4) , suggesting they may identify a unique process in transcription.
Our findings of minimal motif score requirements for promoter function correlate well with work on transcription factors where the correlation between binding energy and PWM score of the target binding sites (15) breaks down as sites are increasingly mutated away from consensus. Loss of specific protein-DNA interactions results in an abrupt transition to nonspecific electrostatic interactions (25) . The same is likely true for our promoters. When a motif scores below a certain threshold, specific protein-DNA contacts critical for promoter function are lost. High scores in other motifs in general cannot compensate for loss of this contact, rendering the promoter nonfunctional. However, there is some interdependency of motifs. First, the finding that a combined −35/−10 motif cutoff is a superior predictor than either motif alone (Table 1C) indicates that a moderately low scoring −10 motif can only be compensated by an excellent −35 motif, and vice versa. Second, functional promoters exhibited anticorrelation of certain modules (Fig. 6) suggesting that it is disadvantageous for σ E promoters to have high scores in all motifs and optimal spacer lengths. For E. coli, σ 70 consensus promoters are thought to be limited at promoter escape due to the energetic cost of breaking these optimal contacts (26) (27) (28) and the same is likely to be true for σ E promoters.
Comparison of the active and inactive promoter sets also pointed to two features in the −35 motif that are important for function. We find that two positions in the −35 motif (underlined; GGAACTT) are significantly overrepresented in the functional class (Fig. 4) . Importantly, structural analysis indicates that these positions are responsible for two of the three σ E sequencespecific −35 contacts (29), suggesting that their absence significantly disrupts −35 recognition. Additionally, the AAC unit (underlined; GGAACTT), suggested to provide a rigid structural unit that facilitates recognition by σ E (29) is missing in ∼45% of inactive promoters, but present in almost all active promoters (>90%), indicating that it is important for promoter function. Importantly, this is the first indication that correlations above the single nucleotide level contribute to promoter function. Additionally, these two features may be generally diagnostic of functionality for promoters of the group 4 σs as the type of sequence-specific recognition carried out by σ E is likely to be conserved across this group (29) and the AAC unit is present in the promoter consensus for most group 4 σs (6).
A complete promoter model must include the upstream sequences (UP-elements) that bind the α subunits of RNA polymerase and contribute to promoter activity in all groups of σs (5, 9, 30-33). Strong UP-sequences contain tracts of As and Ts (34) (35) that generate a narrowed minor groove required for α-binding (36) . These tracts suggest a dependency on adjacent nucleotide positions that may require alternative approaches to PWMs to capture their contribution to promoter strength. We are currently investigating this at σ E promoters.
Housekeeping promoters, such as those regulated by E. coli σ 70 , will be difficult to model using the approaches described here. In contrast to σ E and other group 4 σs, the housekeeping σs require only a subset of motifs for an active promoter, leading to poorly conserved promoter sequences (1, 37) . The extensive use of activators by housekeeping σs exacerbates promoter degeneracy because protein-protein interactions between the activator and RNA polymerase compensate for poor promoter motifs. Activators also alter the placement of the upstream α-binding sites (38) , increasing the complexity of their prediction. Consequently, tractable prediction models for housekeeping promoters will likely focus on only the small subset of promoters that are activator-independent and contain moderately wellconserved motifs.
Materials and Methods
Please refer to SI Text for detailed methods.
Biological Methods. The 60 natural σ E -dependent promoters have native promoter sequence from −35 to þ20, flanked by vector sequence and the rpoC terminator downstream (Fig. S1 ), and were generated by PCR (9) (Table S3) . Single-round transcriptions were used as a measure of promoter activity. Assays were performed as in refs. 5 and 39 with modifications described in the Supporting Information. Promoter strength was determined in vivo as described in ref. 9 from strains overexpressing σ E in M9 complete minimal medium supplemented with 0.2% glucose and 1 mM IPTG at 30°C. Promoter activities are in Table S4 .
Scoring σ E Promoters Using PWMs. Position weight matrices were constructed using the method of ref. 40 from aligned promoter sequences for each of the elements shown in Fig. 2 (see Table S5 ). Sequences were scored as described in (Fig. S3) . Total promoter score was calculated by summing the PWM and penalty scores. Based on ref. 13 , promoter score, S p is taken to be proportional to the log of promoter strength, S p ∝ lnðK a Þ, where K a is occupancy or promoter strength. The fit of S p with lnðK a Þ was assessed by Pearson's correlation coefficient (R). Outliers with both high residual y-variance and high leverage were identified using the software "The Unscrambler v9.8" (CAMO Software AS, Norway; http://www.camo.no). Sequence logos of aligned motifs were generated using WebLogo v2.8 [http://weblogo.berkeley.edu//; (41)]. 
